We explore some of the practicalities of using random walk inference methods, such as the Path Ranking Algorithm (PRA), for the task of knowledge base completion. We show that the random walk probabilities computed (at great expense) by PRA provide no discernible benefit to performance on this task, so they can safely be dropped. This allows us to define a simpler algorithm for generating feature matrices from graphs, which we call subgraph feature extraction (SFE). In addition to being conceptually simpler than PRA, SFE is much more efficient, reducing computation by an order of magnitude, and more expressive, allowing for much richer features than paths between two nodes in a graph. We show experimentally that this technique gives substantially better performance than PRA and its variants, improving mean average precision from .432 to .528 on a knowledge base completion task using the NELL KB.
Introduction
Knowledge bases (KBs), such as Freebase (Bollacker et al., 2008) , NELL , and DBPedia (Mendes et al., 2012) contain large collections of facts about things, people, and places in the world. These knowledge bases are useful for various tasks, including training relation extractors and semantic parsers (Hoffmann et al., 2011; Krishnamurthy and Mitchell, 2012) , and question answering (Berant et al., 2013) . While these knowledge bases may be very large, they are still quite incomplete, missing large percentages of facts about common or popular entities (West et al., 2014; Choi et al., 2015) . The task of knowledge base completion-filling in missing facts by examining the facts already in the KB, or by looking in a corpus-is one attempt to mitigate the problems of this knowledge sparsity.
In this work we examine one method for performing knowledge base completion that is currently in use: the Path Ranking Algorithm (PRA) (Lao et al., 2011; Dong et al., 2014) . PRA is a method for performing link prediction in a graph with labeled edges by computing feature matrices over node pairs in the graph. The method has a strong connection to logical inference , as the feature space considered by PRA consists of a restricted class of horn clauses found in the graph. While PRA can be applied to any link prediction task in a graph, its primary use has been in KB completion Gardner et al., 2013; Gardner et al., 2014) .
PRA is a two-step process, where the first step finds potential path types between node pairs to use as features in a statistical model, and the second step computes random walk probabilities associated with each path type and node pair (these are the values in a feature matrix). This second step is very computationally intensive, requiring time proportional to the average out-degree of the graph to the power of the path length for each cell in the computed feature matrix. In this paper we consider whether this computational effort is wellspent, or whether we might more profitably spend computation in other ways. We propose a new way of generating feature matrices over node pairs in a graph that aims to improve both the efficiency and the expressivity of the model relative to PRA.
Our technique, which we call subgraph feature extraction (SFE), is similar to only doing the first step of PRA. Given a set of node pairs in a graph, we first do a local search to characterize the graph around each node. We then run a set of feature extractors over these local subgraphs to obtain feature vectors for each node pair. In the simplest case, where the feature extractors only look for paths connecting the two nodes, the feature space is equivalent to PRA's, and this is the same as running PRA and binarizing the resultant feature vectors. However, because we do not have to compute random walk probabilities associated with each path type in the feature matrix, we can extract much more expressive features, including features which are not representable as paths in the graph at all. In addition, we can do a more exhaustive search to characterize the local graph, using a breadth-first search instead of random walks. SFE is a much simpler method than PRA for obtaining feature matrices over node pairs in a graph. Despite its simplicity, however, we show experimentally that it substantially outperforms PRA, both in terms of running time and prediction performance. SFE decreases running time over PRA by an order of magnitude, it improves mean average precision from .432 to .528 on the NELL KB, and it improves mean reciprocal rank from .850 to .933.
In the remainder of this paper, we first describe PRA in more detail. We then situate our methods in the context of related work, and provide additional experimental motivation for the improvements described in this paper. We then formally define SFE and the feature extractors we used, and finally we present an experimental comparison between PRA and SFE on the NELL KB. The code and data used in this paper is available at http://rtw.ml.cmu.edu/emnlp2015 sfe/.
The Path Ranking Algorithm
The path ranking algorithm was introduced by Lao and Cohen (2010) . It is a two-step process for generating a feature matrix over node pairs in a graph. The first step finds a set of potentially useful path types that connect the node pairs, which become the columns of the feature matrix. The second step then computes the values in the feature matrix by finding random walk probabilities as described below. Once the feature matrix has been computed, it can be used with whatever classification model is desired (or even incorporated as one of many factors in a structured prediction model), though almost all prior work with PRA simply uses logistic regression.
More formally, consider a graph G with nodes N , edges E, and edge labels R, and a set of node pairs (s j , t j ) ∈ D that are instances of some relationship of interest. PRA will generate a feature vector for each (s j , t j ) pair, where each feature is some sequence of edge labels -e 1 -e 2 -. . .-e l -. If the edge sequence, or path type, corresponding to the feature exists between the source and target nodes in the graph, the value of that feature in the feature vector will be non-zero.
Because the feature space considered by PRA is so large, 1 and because computing the feature values is so computationally intensive, the first step PRA must perform is feature selection, which is done using random walks over the graph. In this step of PRA, we find path types π that are likely to be useful in predicting new instances of the relation represented by the input node pairs. These path types are found by performing random walks on the graph G starting at the source and target nodes in D and recording which paths connect some source node with its target. 2 Note that these are two-sided, unconstrained random walks: the walks from sources and targets can be joined on intermediate nodes to get a larger set of paths that connect the source and target nodes. Once connectivity statistics have been computed in this way, k path types are selected as features. Lao et al. (2011) use measures of the precision and recall of each feature in this selection, while Gardner et al. (2014) simply pick those most frequently seen.
Once a set of path features has been selected, the second step of PRA is to compute values for each cell in the feature matrix. Recall that rows in this matrix correspond to node pairs, and the columns correspond to the path types found in the first step. The cell value assigned by PRA is the probability of arriving at the target node of a node pair, given that a random walk began at the source node and was constrained to follow the path type: p(t|s, π). There are several ways of computing this probability. The most straightforward method is to use a path-constrained breadth-first search to exhaustively enumerate all possible targets given a source node and a path type, count how frequently each target is seen, and normalize the distribution. This calculates the desired probability exactly, but at the cost of doing a breadth-first search (with 1 The feature space consists of the set of all possible edge label sequences, with cardinality l i=1
|R|
i , assuming a bound l on the maximum path length.complexity proportional to the average per-edgelabel out-degree to the power of the path length) per source node per path type.
There are three methods that can potentially reduce the computational complexity of this probability calculation. The first is to use random walks to approximate the probability via rejection sampling: for each path type and source node, a number of random walks are performed, attempting to follow the edge sequence corresponding to the path type. If a node is reached where it is no longer possible to follow the path type, the random walk is restarted. This does not reduce the time necessary to get an arbitrarily good approximation, but it does allow us to decrease computation time, even getting a fixed complexity, at the cost of accepting some error in our probability estimates. Second, Lao (2012) showed that when the target node of a query is known, the exponent can be cut in half by using a two-sided BFS. In this method, some careful bookkeeping is done with dynamic programming such that the probability can be computed correctly when the two-sided search meets at an intermediate node. Lao's dynamic programming technique is only applicable when the target node is known, however, and only cuts the exponent in half-this is still quite computationally intensive. Lastly, we could replace the BFS with a multiplication of adjacency matrices, which performs the same computation. The efficiency gain comes from the fact that we can just do the multiplication once per path type, instead of once per path type per source node. However, to correctly compute the probabilities for a (source, target) pair, we need to exclude from the graph the edge connecting that training instance. This means that the matrix computed for each path type should be different for each training instance, and so we either lose our efficiency gain or we accept incorrect probability estimates. In this work we use the rejection sampling technique.
As mentioned above, once the feature matrix has been computed in the second step of PRA, one can use any kind of classifier desired to learn a model and make predictions on test data.
Related Work
The task of knowledge base completion has seen a lot of attention in recent years, with entire workshops devoted to it (Suchanek et al., 2013) . We will touch on three broad categories related to KB completion: the task of relation extraction, embedding methods for KB completion, and graph methods for KB completion.
Relation extraction. Relation extraction and knowledge base completion have the same goal: to predict new instances of relations in a formal knowledge base such as Freebase or NELL. The difference is that relation extraction focuses on determining what relationship is expressed by a particular sentence, while knowledge base completion tries to predict which relationships hold between which entities. A relation extraction system can be used for knowledge base completion, but typical KB completion methods do not make predictions on single sentences. This is easily seen in the line of work known as distantly-supervised relation extraction (Mintz et al., 2009; Hoffmann et al., 2011; Surdeanu et al., 2012) ; these models use the relation instances in a knowledge base as their only supervision, performing some heuristic mapping of the entities in text to the knowledge base, then using that mapping to train extractors for each relation in the KB. The cost of using these methods is that is it generally difficult to incorporate richer features from the knowledge base when predicting whether a particular sentence expresses a relation, and so techniques that make fuller use of the KB can perform better on the KB completion task .
Embedding methods for KB completion.
There has been much recent work that attempts to perform KB completion by learning an embedded representation of entities and relations in the KB and then using these representations to infer missing relationships. Some of earliest work along these lines were the RESCAL model (Nickel et al., 2011) and Structured Embeddings (Bordes et al., 2011) . These were soon followed by TransE (Bordes et al., 2013), Neural Tensor Networks (Socher et al., 2013) , and many variants on all of these algorithms (Chang et al., 2014; García-Durán et al., 2014; Wang et al., 2014) . These methods perform well when there is structural redundancy in the knowledge base tensor, but when the tensor (or individual relations in the tensor) has high rank, learning good embeddings can be challenging. The ARE model (Nickel et al., 2014) attempted to address this by only making the embeddings capture the residual of the tensor that cannot be readily predicted from the graph-based techniques mentioned below. Graph-based methods for KB completion. A separate line of research into KB completion can be broadly construed as performing some kind of inference over graphs in order to predict missing instances in a knowledge base. Markov logic networks (Richardson and Domingos, 2006) fall into this category, as does ProPPR (Wang et al., 2013) and many other logic-based systems. PRA, the main subject of this paper, also fits in this line of work. Work specifically with PRA has ranged from incorporating a parsed corpus as additional evidence when doing random walk inference , to introducing better representations of the text corpus (Gardner et al., 2013; Gardner et al., 2014) , and using PRA in a broader context as part of Google's Knowledge Vault (Dong et al., 2014 ). An interesting piece of work that combines embedding methods with graph-based methods is that of Neelakantan et al. (2015) , which uses a recursive neural network to create embedded representations of PRA-style paths.
Motivation
We motivate our modifications to PRA with three observations. First, it appears that binarizing the feature matrix produced by PRA, removing most of the information gained in PRA's second step, has no significant impact on prediction performance in knowledge base completion tasks. We show this on the NELL KB and the Freebase KB in Table 1 . 3 The fact that random walk probabilities carry no additional information for this task over binary features is surprising, and it shows that the second step of PRA spends a lot of its computation for no discernible gain in performance.
Second, Neelakantan et al. (2015) presented ex-periments showing a substantial increase in performance from using a much larger set of features in a PRA-like model. 4 All of their experiments used binary features, so this is not a direct comparison of random walk probabilities versus binarized features, but it shows that increasing the feature size beyond the point that is computationally feasible with random walk probabilities seems useful. Additionally, they showed that using path bigram features, where each sequential pair of edges types in each path was added as an additional feature to the model, gave a significant increase in performance. These kind of features are not representable in the traditional formulation of PRA. Lastly, the method used to compute the random walk probabilities-rejection sampling-makes the inclusion of more expressive features problematic. Consider the path bigrams mentioned above; one could conceivably compute a probability for a path type that only specifies that the last edge type in the path must be r, but it would be incredibly inefficient with rejection sampling, as most of the samples would end up rejected (leaving aside the additional issues of an unspecified path length). In contrast, if the features simply signify whether a particular path type exists in the graph, without any associated probability, these kinds of features are very easy to compute.
Given this motivation, our work attempts to improve both the efficiency and the expressivity of PRA by removing the second step of the algorithm. Efficiency is improved because the second step is the most computationally expensive, and expressivity is improved by allowing features that cannot be reasonably computed with rejection sampling. We show experimentally that the techniques we introduce do indeed improve performance quite substantially.
Subgraph Feature Extraction
In this section we discuss how SFE constructs feature matrices over node pairs in a graph using just a single search over the graph for each node (which is comparable to only using the first step of PRA). As outlined in Section 2, the first step of PRA does a series of random walks from each source and target node (s j , t j ) in a dataset D. In PRA these random walks are used to find a relatively small set of potentially useful path types for which more specific random walk probabilities are then computed, at great expense. In our method, subgraph feature extraction (SFE), we stop after this first set of random walks and instead construct a binary feature matrix.
More formally, for each node n in the data (where n could be either a source node or a target node), SFE constructs a subgraph centered around that node using k random walks. Each random walk that leaves n follows some path type π and ends at some intermediate node i. We keep all of these (π, i) pairs as the characterization of the subgraph around n, and we will refer to this subgraph as G n . To construct a feature vector for a source-target pair (s j , t j ), SFE takes the subgraphs G s j and G t j and merges them on the intermediate nodes i. That is, if an intermediate node i is present in both G s j and G t j , SFE takes the path types π corresponding to i and combines them (reversing the path type coming from the target node t j ). If some intermediate node for the source s j happens to be t j , no combination of path types is necessary (and similarly if an intermediate node for the target t j is s j -the path only needs to be reversed in this case). This creates a feature space that is exactly the same as that constructed by PRA: sequences of edge types that connect a source node to a target node. To construct the feature vector SFE just takes all of these combined path types as binary features for (s j , t j ). Note, however, that we need not restrict ourselves to only using the same feature space as PRA; Section 5.1 will examine extracting more expressive features from these subgraphs.
This method for generating a feature matrix over node pairs in a graph is much simpler and less computationally expensive than PRA, and from looking at Table 1 we would expect that it would perform on par with PRA with drastically reduced computation costs. Some experimentation shows that it is not that simple. Table 2 shows a comparison between PRA and SFE on 10 NELL relations. 5 SFE has a higher mean average precision, but the difference is not statistically significant. There is a large variance in SFE's performance, and on some relations PRA performs better.
We examined the feature matrices computed 5 The data and evaluation methods are described more fully in Section 6.1. These experiments were conducted on a different development split of the same data. by these methods and discovered that the reason for the inconsistency of SFE's improvement is because its random walks are all unconstrained.
Consider the case of a node with a very high degree, say 1000. If we only do 200 random walks from this node, we cannot possibly get a complete characterization of the graph even one step away from the node. If a particularly informative path is <CITYINSTATE, STATEINCOUNTRY>, and both the city from which a random walk starts and the intermediate state node have very high degree, the probability of actually finding this path type using unconstrained random walks is quite low. This is the benefit gained by the path-constrained random walks performed by PRA; PRA leverages training instances with relatively low degree and aggregation across a large number of instances to find path types that are potentially useful. Once they are found, significant computational effort goes into discovering whether each path type exists for all (s, t) pairs. It is this computational effort that allows the path type <CITYINSTATE, STATEIN-COUNTRY> to have a non-zero value even for very highly connected nodes.
How do we mitigate this issue, so that SFE can consistently find these path types? It seems the only option without resorting to a similar two-step process to what PRA uses is to do a more exhaustive search. PRA uses random walks to improve scalability on very large graphs, particularly because the second step of the algorithm is so expensive. However, if we are only doing a single search, and the graph fits in memory, a few steps of a breadth-first search (BFS) per node is not infeasible. We can make the BFS more tractable by excluding edge types whose fan out is too high. For example, at a type node in Freebase, there could be thousands of edges of type /TYPE/OBJECT/TYPE; if there are a large number of edges of the same type leaving a node, we do not include those edges in the BFS. Note that because the type node will still be counted as an intermediate node in the subgraph, we can still find paths that go through that node; we just do not continue searching if the outdegree of a particular edge type is too high. When using a BFS instead of random walks to obtain the subgraphs G s j and G t j for each node pair, we saw a dramatic increase in the number of path type features found and a substantial increase in performance. 6 These results are shown in Table 3; SFE-RW is our SFE implementation using random walks, and SFE-BFS uses a BFS.
More expressive features
The description above shows how to recreate the feature space used by PRA using our simpler subgraph feature extraction technique. As we have mentioned, however, we need not restrict ourselves to merely recreating PRA's feature space. Eliminating random walk probabilities allows us to extract a much richer set of features from the subgraphs around each node, and here we present the feature extractors we have experimented with. Figure 1 contains an example graph that we will refer to when describing these features.
PRA-style features. We explained these features in Section 5, but we repeat them here for consistency, and use the example to make the feature extraction process more clear. Relying on the notation introduced earlier, these features are generated by intersecting the subgraphs G s and G t on the intermediate nodes. That is, when the subgraphs share an intermediate node, we combine the path types found from the source and target to that node. In the example in Figure 1 , there are two common intermediate nodes ("Barack Obama" and "Michelle Obama"), and combining the path types corresponding to those nodes gives the same path type: -ALIAS-"is married to"-ALIAS -1 -.
Path bigram features. In Section 4, we mentioned that Neelakantan et al. (2015) experimented with using path bigrams as features. We include those features here as well. For any path π between a source node s and a target node t, we create a feature for each relation bigram in the path type. In the example in Figure 1 , this would result in the features "BIGRAM:@START@-ALIAS", "BIGRAM:ALIAS-is married to", "BIGRAM:is married to-ALIAS", and "BIGRAM:ALIAS-@END@".
One-sided features. We use one-sided path to describe a sequence of edges that starts at a source or target node in the data, but does not necessarily terminate at a corresponding target or source node, as PRA features do. Following the notation introduced in Section 5, we use as features each (π, i) pair in the subgraph characterizations G s and G t , along with whether the feature came from the source node or the target node. The motivation for these one-sided path types is to better model which sources and targets are good candidates for participating in a particular relation. For example, not all cities participate in the relation CITYCAPI-TALOFCOUNTRY, even though the domain of the relation is all cities. A city that has a large number of sports teams may be more likely to be a capital city, and these one-sided features could easily capture that kind of information.
Example one-sided features from the example in Figure 1 would be "SOURCE:-GENDER-:male", "TARGET:-GENDER-:female", "SOURCE:-ALIAS-:Barack Obama", and "SOURCE:-ALIAS-is married to-:Michelle Obama".
One-sided feature comparisons. We can expand on the one-sided features introduced above by allowing for comparisons of these features in certain circumstances. For example, if both the source and target nodes have an age or gender encoded in the graph, we might profitably use comparisons of these values to make better predictions.
Drawing again on the notation from Section 5, we can formalize these features as analogous to the pairwise PRA features. To get the PRA features, we intersect the intermediate nodes i from the subgraphs G s and G t , and combine the path types π when we find common intermediate nodes. To get these comparison features, we instead intersect the subgraphs on the path types, and combine the intermediate nodes when there are common path types. That is, if we see a common path type, such as -GENDER-, we will construct a feature representing a comparison between the intermediate node for the source and the target. If the values are the same, this information can be captured with a PRA feature, but it cannot be easily captured by PRA when the values are different.
In the example in Figure 1 , there are two common path types: -ALIAS-, and -GENDER-. The feature generated from the path type -GENDER-would be "COMPARISON:-GENDER-:/m/Male:/m/Female".
Vector space similarity features. Gardner et al. (2014) introduced a modification of PRA's random walks to incorporate vector space similarity between the relations in the graph. On the data they were using, a graph that combined a formal knowledge base with textual relations extracted from text, they found that this technique gave a substantial performance improvement. The vector space random walks only affected the second step of PRA, however, and we have removed that step in SFE. While it is not as conceptually clean as the vector space random walks, we can obtain a similar effect with a simple feature transformation using the vectors for each relation. We obtain vector representations of relations through factorization of the knowledge base tensor as did Gardner et al., and replace each edge type in a PRA-style path with edges that are similar to it in the vector space. We also introduce a special "any edge" symbol, and say that all other edge types are similar to this edge type.
To reduce the combinatorial explosion of the feature space that this feature extractor creates, we only allow replacing one relation at a time with a similar relation.
In the example graph in Figure 1 , and assuming that "spouse of" is found to be similar to "is married to", some of the features extracted would be the following: "VECSIM:-ALIAS-is married to-ALIAS-", "VECSIM:-ALIAS-spouse of-ALIAS-", "VECSIM:-ALIAS-@ANY REL@-ALIAS-", and "VECSIM:-@ANY REL@-is married to-ALIAS-". Note that the first of those features, "VECSIM:-ALIAS-is married to-ALIAS-", is necessary even though it just duplicates the original PRA-style feature. This allows path types with different but similar relations to generate the same features.
Any-Relation features.
It turns out that much of the benefit gained from Gardner et al.'s vector space similarity features came from allowing any path type that used a surface edge to match any other surface edge with non-zero probability. 7 To test whether the vector space similarity features give us any benefit over just replacing relations with dummy symbols, we add a feature extractor that is identical to the one above, assuming an empty vector similarity mapping. The features extracted from Figure 1 would thus be "ANYREL:-@ANY REL@-is married to-ALIAS", "ANYREL:-ALIAS-@ANY REL@-ALIAS", "ANYREL:-ALIAS-is married to-@ANY REL@".
Experiments
Here we present experimental results evaluating the feature extractors we presented, and a comparison between SFE and PRA. As we showed in Section 5 that using a breadth-first search to obtain subgraphs is superior to using random walks, all of the experiments presented here use the BFS implementation of SFE.
Data
To evaluate SFE and the feature extractors we introduced, we learned models for 10 relations in the NELL KB. We used the same data as Gardner et al. (2014) , using both the formal KB relations and the surface relations extracted from text in our graph. We used logistic regression with elastic net (L1 and L2) regularization. We tuned the L1 and L2 parameters for each method on a random development split of the data, then used a new split of the data to run the final tests presented here.
The evaluation metrics we use are mean average precision (MAP) and mean reciprocal rank (MRR). We judge statistical significance using a paired permutation test, where the average precision 8 on each relation is used as paired data.
On Obtaining Negative Evidence
One important practical issue for most uses of PRA is the selection of negative examples for training a model. Typically a knowledge base only contains positive examples of a relation, and it is not clear a priori what the best method is for obtaining negative evidence. Prior work with PRA makes a closed world assumption, treating any (s, t) pair not seen in the knowledge base as a negative example. Negative instances are selected when performing the second step of PRA-if a random walk from a source ends at a target that is not a known correct target for that source, that sourcetarget pair is used as a negative example.
SFE only scores (source, target) pairs; it has no mechanism similar to PRA's that will find potential targets given a source node. We thus need a new way of finding negative examples, both at training time and at test time. We used a simple technique to find negative examples from a graph given a set of positive examples, and we used this to obtain the training and testing data used in the experiments below. Our technique takes each source and target node in the given positive examples and finds other nodes in the same category that are close in terms of personalized page rank (PPR). We then sample new (source, target) pairs from these lists of similar nodes, weighted by their PPR score (while also allowing the original source and target to be sampled). These become our negative examples, both at training and at testing time.
Because this is changing the negative evidence available to PRA at training time, we wanted to be sure we were not unfairly hindering PRA in our comparisons. If it is in fact better to let PRA find its own negative examples at training time, instead of the ones sampled based on personalized page rank, then we should let PRA get its own nega-Method MAP PRA's random walks .359 PPR-based sampling .363 Table 4 : Comparing methods for obtaining negative evidence available at training time. The difference seen is not statistically significant (p = .77).
tive evidence. We thus ran an experiment to see under which training regime PRA performs better. We created a test set with both positive and negative examples as described in the paragraph above, and at training time we compared two techniques: (1) letting PRA find its own negative examples through its random walks, and (2) only using the negative examples selected by PPR. As can be seen in Table 4 , the difference between the two training conditions is very small, and it is not statistically significant. Because there is no significant difference between the two conditions, in the experiments that follow we give both PRA and SFE the same training data, created through the PPR-based sampling technique described above.
Results
We first examine the effect of each of the feature types introduced in Section 5.1. The results are shown in Table 5 . We can see that, for this data, the comparisons and one-sided features did not improve performance (and the decreases are not statistically significant). Bigram features do appear to improve performance, though the improvement was not consistent enough across relations to achieve statistical significance. The vector similarity features do improve performance, with p-values hovering right at 0.05 when comparing against only PRA features and PRA + bigram features. The any rel features, however, do statistically improve over all other methods (p <= 0.01) except the PRA + vec sim result (p = .21).
Finally, we present a comparison between PRA, PRA with vector space random walks, and the best SFE result from the ablation study. This is shown in Table 6 . SFE significantly outperforms PRA, both with and without the vector space random walks presented by Gardner et al. (2014) .
Discussion
When using only PRA-style features with SFE, the highest weighted features were almost always those of the form -ALIAS- [ WROTEBOOK, the textual relations used in this feature might be "wrote", "describes in", "writes in", and "expresses in". These are the same feature types that PRA itself finds to have the highest weight, also, though SFE finds many more of them than PRA does, as PRA has to do aggressive feature selection. For this particular dataset, where the graph consists of edges from a formal KB mixed with edges from extracted textual relations, these kinds of features are by far the most useful, and most of the improvements seen by the additional feature types we used with SFE come from more compactly encoding these features. For example, the path bigram features can encode the fact that there exists a path from the source to the target that begins or ends with an ALIAS edge. This captures in just two features all path types of the form -ALIAS-[some textual relation]-ALIAS -1 -, and those two bigram features are almost always the highest weighted features in models where they are used.
However, the bigram features do not capture those path types exactly. The Any-Rel features were designed in part specifically for this path type, and they capture it exactly with a single feature. For all 10 relations, the feature "ANYREL:-ALIAS-@ANY REL@-ALIAS -1 " is the highest weighted feature. This is because, for the relations we experimented with, knowing that some relationship is expressed in text between a particular pair of KB entities is a very strong indication of a single KB relation. There are only so many possible relationships between cities and countries, for instance. These features are much less informative between entity types where more than one relation is possible, such as between people.
While the bigram and any-rel features capture succintly whether textual relations are present between two entities, the one-sided features are more useful for determining whether an entity fits into the domain or range of a particular relation. We saw a few features that did this, capturing finegrained entity types. Most of the features, however, tended towards memorizing (and thus overfitting) the training data, as these features contained the names of the training entities. We believe this overfitting to be the main reason these features did not improve performance, along with the fact that the relations we tested do not need much domain or range modeling (as opposed to, e.g., SPOUSEOF or CITYCAPITALOFCOUNTRY).
Conclusion
We have explored several practical issues that arise when using the path ranking algorithm for knowledge base completion. An analysis of several of these issues led us to propose a simpler algorithm, which we called subgraph feature extraction, which characterizes the subgraph around node pairs and extracts features from that subgraph. SFE is both significantly faster and performs better than PRA on this task. We showed experimentally that we can reduce running time by an order of magnitude, while at the same time improving mean average precision from .432 to .528 and mean reciprocal rank from .850 to .933. This thus constitutes the best published results for knowledge base completion on NELL data. The code and data used in the experiments in this paper are available at http://rtw.ml.cmu.edu/emnlp2015 sfe/.
